We describe a readability assessment approach to support the process of text simplification for poor literacy readers. Given an input text, the goal is to predict its readability level, which corresponds to the literacy level that is expected from the target reader: rudimentary, basic or advanced. We complement features traditionally used for readability assessment with a number of new features, and experiment with alternative ways to model this problem using machine learning methods, namely classification, regression and ranking. The best resulting model is embedded in an authoring tool for Text Simplification.
Introduction
In Brazil, the National Indicator of Functional Literacy (INAF) index has been computed annually since 2001 to measure the levels of literacy of the Brazilian population. The 2009 report presented a worrying scenario: 7% of the individuals are illiterate; 21% are literate at the rudimentary level; 47% are literate at the basic level; only 25% are literate at the advanced level (INAF, 2009) . These literacy levels are defined as:
(1) Illiterate: individuals who cannot perform simple tasks such as reading words and phrases;
(2) Rudimentary: individuals who can find explicit information in short and familiar texts (such as an advertisement or a short letter); (3) Basic: individuals who are functionally literate, i.e., they can read and understand texts of average length, and find information even when it is necessary to make some inference; and (4) Advanced: fully literate individuals, who can read longer texts, relating their parts, comparing and interpreting information, distinguish fact from opinion, make inferences and synthesize.
In order to promote digital inclusion and accessibility for people with low levels of literacy, particularly to documents available on the web, it is important to provide text in a simple and easy-toread way. This is a requirement of the Web Content Accessibility Guidelines 2.0's principle of comprehensibility and accessibility of Web content 1 . It states that for texts which demand reading skills more advanced than that of individuals with lower secondary education, one should offer an alternative version of the same content suitable for those individuals. While readability formulas for English have a long history -200 formulas have been reported from 1920 to 1980s (Dubay, 2004 ) -the only tool available for Portuguese is an adaptation of the Flesch Reading Ease index. It evaluates the complexity of texts in a 4-level scale corresponding to grade levels (Martins et al., 1996) .
In the PorSimples project (Aluísio et al., 2008) we develop text adaptation methods (via text simplification and elaboration approaches) to improve the comprehensibility of texts published on government websites or by renowned news agencies, which are expected to be relevant to a large audience with various literacy levels. The project provides automatic simplification tools to aid (1) poorly literate readers to understand online content -a browser plug-in for automatically simplifying websites -and (2) authors producing texts for this audience -an authoring tool for guiding the creation of simplified versions of texts.
This paper focuses on a readability assessment approach to assist the simplification process in the authoring tool, SIMPLIFICA. The current version of SIMPLIFICA offers simplification operations addressing a number of lexical and syntactic phenomena to make the text more readable. The au-thor has the freedom to choose when and whether to apply the available simplification operations, a decision based on the level of complexity of the current text and on the target reader.
A method for automatically identifying such level of complexity is therefore of great value. With our readability assessment tool, the author is able to automatically check the complexity/readability level of the original text, as well as modified versions of such text produced as he/she applies simplification operations offered by SIMPLIFICA, until the text reaches the expected level, adequate for the target reader.
In this paper we present such readability assessment tool, developed as part of the PorSimples project, and discuss its application within the authoring tool. Different from previous work, the tool does not model text difficulty according to linear grade levels (e.g., Heilman et al., 2008) , but instead maps the text into the three levels of literacy defined by INAF: rudimentary, basic or advanced. Moreover, it uses a more comprehensive set of features, different learning techniques and targets a new language and application, as we discuss in Section 4. More specifically, we address the following research questions:
1. Given some training material, is it possible to detect the complexity level of Portuguese texts, which corresponds to the different literacy levels defined by INAF? 2. What is the best way to model this problem and which features are relevant?
We experiment with nominal, ordinal and intervalbased modeling techniques and exploit a number of the cognitively motivated features proposed by Coh-Metrix 2.0 (Graesser et al., 2004) and adapted to Portuguese (called Coh-Metrix-PORT), along with a set of new features, including syntactic features to capture simplification operations and ngram language model features.
In the remainder of this paper, we first provide some background information on the need for a readability assessment tool within our text simplification system (Section 2) and discuss prior work on readability assessment (Section 3), to then present our features and modeling techniques (Section 4) and the experiments performed to answer our research questions (Section 5).
Text Simplification in PorSimples
Text Simplification (TS) aims to maximize reading comprehension of written texts through their simplification. Simplification usually involves substituting complex by simpler words and breaking down and changing the syntax of complex, long sentences (Max, 2006; Siddharthan, 2003) .
To meet the needs of people with different levels of literacy, in the PorSimples project we propose two types of simplification: natural and strong. The first type results in texts adequate for people with a basic literacy level and the second, rudimentary level. The difference between these two is the degree of application of simplification operations to complex sentences. In strong simplification, operations are applied to all complex syntactic phenomena present in the text in order to make it as simple as possible, while in natural simplification these operations are applied selectively, only when the resulting text remains "natural". One example of original text (a), along with its natural (b) and strong (c) manual simplifications, is given in Table 1 . The association between these two types of simplification and the literacy levels was identified by means of a corpus study. We have manually built a corpus of simplified texts at both natural and strong levels and analyzed their linguistic structures according to the description of the two literacy levels. We verified that strong simplified sentences are more adequate for rudimentary level readers, and natural ones for basic level readers. This claim is supported by several studies which relate capabilities and performance of the working memory with reading levels (Siddharthan, 2003; McNamara et al., 2002) .
The Rule-based Simplification System
The association between simplification operations and the syntactic phenomena they address is implemented within a rule-based syntactic simplification system (Candido Jr. et al., 2009 ). This system is able to identify complex syntactic phenomena in a sentence and perform the appropriate operations to simplify each phenomenon.
The simplification rules follow a manual for syntactic simplification in Portuguese also developed in PorSimples. They cover syntactic constructions such as apposition, relative clauses, coordination and subordination, which had already been addressed by previous work on text simplification (Siddharthan, 2003) . Additionally, they address the transformation of sentences from passive into active voice, normalization of sentences into the Subject-Verb-Object order, and simplification of adverbial phrases. The simplification operations available are: sentence splitting, changing particular discourse markers by simpler ones, transforming passive into active voice, inverting the order of clauses, converting to subject-verb-object order, relocating long adverbial phrases.
The SIMPLIFICA Tool
The rule-based simplification system is part of SIMPLIFICA, an authoring tool for writers to adapt original texts into simplified texts. Within SIMPLIFICA, the author plays an active role in generating natural or strong simplified texts by accepting or rejecting the simplifications offered by the system on a sentence basis and post-editing them if necessary.
Despite the ability to make such choices at the sentence level, it is not straightforward for the author to judge the complexity level of the text as whole in order to decide whether it is ready for a certain audience. This is the main motivation for the development of a readability assessment tool.
The readability assessment tool automatically detects the level of complexity of a text at any moment of the authoring process, and therefore guides the author towards producing the adequate simplification level according to the type of reader. It classifies a text in one of three levels: rudimentary, basic or advanced. Figure 1 shows the interface of SIMPLIFICA, where the complexity level of the current text as given by the readability assessment tool is shown at the bottom, in red (in this case, "Nível Pleno", which corresponds to advanced). To update the readability assessment of a text the author can choose "Nível de Inteligibilidade" (readability level) at any moment.
The text shown in Figure 1 is composed of 13 sentences, 218 words. The lexical simplification module (not shown in the Figure 1 ) finds 10 candidate words for simplification in this text, and the syntactic simplification module selects 10 sentences to be simplified (highlighted in gray).
When the author selects a highlighted sentence, he/she is presented with all possible simplifications proposed by the rule-based system for this sentence. Figure 2 shows the options for the first sentence in Figure 1 . The first two options cover nonfinite clause and adverbial adjuncts, respectively, while the third option covers both phenomena in one single step. The original sentence is also given as an option.
It is possible that certain suggestions of automatic simplifications result in ungrammatical or inadequate sentences (mainly due to parsing errors). The author can choose not to use such suggestions as well as manually edit the original or automatically simplified versions. The impact of the author's choice on the overall readability level of the text is not always clear to the author. The goal of the readability assessment function is to provide such information.
Simplified texts are usually longer than the original ones, due to sentence splittings and repetition of information to connect such sentences. We acknowledge that low literacy readers prefer short texts, but in this tool the shortening of the text is a responsibility of the author. Our focus is on the linguistic structure of the texts; the length of the text actually is a feature considered by our readability assessment system. 
Readability Assessment
Recent work on readability assessment for the English language focus on: (i) the feature set used to capture the various aspects of readability, to evaluate the contribution of lexical, syntactic, semantic and discursive features; (ii) the audience of the texts the readability measurement is intended to; (iii) the genre effects on the calculation of text difficult; (iv) the type of learning technique which is more appropriate: those producing nominal, ordinal or interval scales of measurement, and (v) providing an application for the automatic assessment of reading difficulty. Pitler and Nenkova (2008) propose a unified framework composed of vocabulary, syntactic, elements of lexical cohesion, entity coherence and discourse relations to measure text quality, which resembles the composition of rubrics in the area of essay scoring (Burstein et al., 2003) .
The following studies address readability assessment for specific audiences: learners of English as second language (Schwarm and Ostendorf, 2005; Heilman et al., 2007) , people with intellectual disabilities (Feng et al., 2009) , and people with cognitive impairment caused by Alzheimer (Roark at al, 2007) . Sheehan et al. (2007) focus on models for literary and expository texts, given that traditional metrics like Flesch-Kincaid Level score tend to overpredict the difficulty of literary texts and underpredict the difficulty of expository texts. Heilman et al. (2008) investigate an appropriate scale of measurement for reading difficultynominal, ordinal, or interval -by comparing the effectiveness of statistical models for each type of data. Petersen and Ostendorf (2009) Miltsakali and Troutt (2007; propose an automatic tool to evaluate reading difficulty of Web texts in real time, addressing teenagers and adults with low literacy levels. Using machine learning, Glöckner et al. (2006) present a tool for automatically rating the readability of German texts using several linguistic information sources and a global readability score similar to the Flesch Reading Ease.
A Tool for Readability Assessment
In this section we present our approach to readability assessment. It differs from previous work in the following aspects: (i) it uses a feature set with cognitively-motivated metrics and a number of additional features to provide a better explanation of the complexity of a text; (ii) it targets a new audience: people with different literacy levels; (iii) it investigates different statistical models for nonlinear data scales: the levels of literacy defined by INAF, (iv) it focus on a new application: the use of readability assessment for text simplification systems; and (v) it is aimed at Portuguese.
Features for Assessing Readability
Our feature set (Table 2) consists of 3 groups of features. The first group contains cognitivelymotivated features (features 1-42), derived from the Coh-Metrix-PORT tool (see Section 4.1.1). The second group contains features that reflect the incidence of particular syntactic constructions which we target in our text simplification system (features 43-49). The third group (the remaining features in Table 2 ) contains features derived from n-gram language models built considering unigrams, bigrams and trigrams probability and perplexity plus out-of-vocabulary rate scores. We later refer to a set of basic features, which consist of simple counts that do not require any linguistic tool or external resources to be computed. This set corresponds to features 1-3 and 9-11.
Coh-Metrix-Port
The Coh-Metrix tool was developed to compute features potentially relevant to the comprehension of English texts through a number of measures informed by linguistics, psychology and cognitive studies. The main aspects covered by the measures are cohesion and coherence (Graesser et al., 2004) .
Coh-Metrix 2.0, the free version of the tool, contains 60 readability metrics. The Coh-Metrix-PORT tool (Scarton et al., 2009 ) computes similar metrics for texts in Brazilian Portuguese. The major challenge to create such tool is the lack of some of the necessary linguistic resources. The following metrics are currently available in the tool (we refer to Table 2 The following resources for Portuguese were used: the MXPOST POS tagger (Ratnaparkhi, 1996) , a word frequency list compiled from a 700 milliontoken corpus 2 , a tool to identify reduced noun phrases (Oliveira et al., 2006) , a list of connectives classified as positives/negatives and according to cohesion type (causal, temporal, additive or logical), a list of logical operators and WordNet.Br (Dias-da-Silva et al., 2008) .
In this paper we include seven new metrics to Coh-Metrix-PORT: features 13, 14, 21, and 39 to 42. We used TEP 3 (Dias-da-Silva et al., 2003) to obtain the number of senses of words (and thus their ambiguity level), and the Palavras parser (Bick, 2000) to identify the higher level constituents. The remaining metrics were computed based on the POS tags.
According to a report on the performance of each Coh-Metrix-PORT metric (Scarton et al., 2009) , no individual feature provides sufficient indication to measure text complexity, and therefore the need to exploit their combination, and also to combine them with the other types of features described in this section.
Language-model Features
Language model features were derived from a large corpus composed of a sample of the Brazilian newspaper Folha de São Paulo containing issues from 12 months taken at random from 1994 to 2005. The corpus contains 96,868 texts and 26,425,483 tokens. SRILM (Stolcke, 2002) , a standard language modelling toolkit, was used to produce the language model features.
Learning Techniques
Given that the boundaries of literacy level classes are one of the subjects of our study, we exploit three different types of models in order to check 2 http://www2.lael.pucsp.br/corpora/bp/index.htm 3 http://www.nilc.icmc.usp.br/tep2/index.htm which of them can better distinguish among the three literacy levels. We therefore experiment with three types of machine learning algorithms: a standard classifier, an ordinal (ranking) classifier and a regressor. Each algorithm assumes different relations among the groups: the classifier assumes no relation, the ordinal classifier assumes that the groups are ordered, and the regressor assumes that the groups are continuous.
As classifier we use the Support Vector Machines (SVM) implementation in the Weka 4 toolkit (SMO). As ordinal classifier we use a meta classifier in Weka which takes SMO as the base classification algorithm and performs pairwise classifications (OrdinalClassClassifier). For regression we use the SVM regression implementation in Weka (SMO-reg). We use the linear versions of the algorithms for classification, ordinal classification and regression, and also experiment with a radial basis function (RBF) kernel for regression.
Experiments

Corpora
In order to train (and test) the different machine learning algorithms to automatically identify the readability level of the texts we make use of manually simplified corpora created in the PorSimples project. Seven corpora covering our three literacy levels (advanced, basic and rudimentary) and two different genres were compiled. The first corpus is composed of general news articles from the Brazilian newspaper Zero Hora (ZH original). These articles were manually simplified by a linguist, expert in text simplification, according to the two levels of simplification: natural (ZH natural) and strong (ZH strong). The remaining corpora are composed of popular science articles from different sources: (a) the Caderno Ciência section of the Brazilian newspaper Folha de São Paulo, a mainstream newspaper in Brazil (CC original) and a manually simplified version of this corpus using the natural (CC natural) and strong (CC strong) levels; and (b) advanced level texts from a popular science magazine called Ciência Hoje (CH). Table  3 shows a few statistics about these seven corpora.
Feature Analysis
As a simple way to check the contribution of different features to our three literacy levels, we com- Among the top features are mostly basic and syntactic features representing the number of appositive and relative clauses and clauses in general, and also features from Coh-Metrix-PORT. This shows that traditional cognitively-motivated features can be complemented with more superficial features for readability assessment.
Predicting Complexity Levels
As previously discussed, the goal is to predict the complexity level of a text as original, naturally or strongly simplified, which correspond to the three literacy levels of INAF: rudimentary, basic and advanced level. Tables 5-7 show the results of our experiments using 10-fold cross-validation and standard classification (Table 5) , ordinal classification (Table 6) and regression (Table 7) , in terms of F-measure (F), Pearson correlation with true score (Corr.) and mean absolute error (MAE). Results using our complete feature set (All) and different subsets of it are shown so that we can analyze the performance of each group of features. We also experiment with the Flesch index on its own as a feature. The results of the standard and ordinal classification are comparable in terms of F-measure and correlation, but the mean absolute error is lower for the ordinal classification. This indicates that ordinal classification is more adequate to handle our classes, similarly to the results found in (Heilman et al., 2008) . Results also show that distinguishing between natural and strong simplifications is a harder problem than distinguishing between these and original texts. This was expected, since these two levels of simplification share many features. However, the average performance achieved is considered satisfactory. Concerning the regression model (Table 7) , the RBF kernel reaches the best correlation scores among all models. However, its mean error rates are above the ones found for classification. A linear SVM (not shown here) achieves very poor results across all metrics. With respect to the different feature sets, we can observe that the combination of all features consistently yields better results according to all metrics across all our models. The performances obtained with the subsets of features vary considerably from model to model, which shows that the combination of features is more robust across different learning techniques. Considering each feature set independently, the syntactic features, followed by CohMetrix-PORT, achieve the best correlation scores, while the language model features performed the poorest.
These results show that it is possible to predict with satisfactory accuracy the readability level of texts according to our three classes of interest: original, naturally simplified and strongly simplified texts. Given such results we embedded the classification model (Table 5) as a tool for readability assessment into our text simplification authoring system. The linear classification is our simplest model, has achieved the highest Fmeasure and its correlation scores are comparable to those of the other models.
Conclusions
We have experimented with different machine learning algorithms and features in order to verify whether it was possible to automatically distinguish among the three readability levels: original texts aimed at advanced readers, naturally simplified texts aimed at people with basic literacy level, and strongly simplified texts aimed at people with rudimentary literacy level. All algorithms achieved satisfactory performance with the combination of all features and we embedded the simplest model into our authoring tool.
As future work, we plan to investigate the contribution of deeper cognitive features to this problem, more specifically, semantic, co-reference and mental model dimensions metrics. Having this capacity for readability assessment is useful not only to inform authors preparing simplified material about the complexity of the current material, but also to guide automatic simplification systems to produce simplifications with the adequate level of complexity according to the target user.
The authoring tool, as well as its text simplification and readability assessment systems, can be used not only for improving text accessibility, but also for educational purposes: the author can prepare texts that are adequate according to the level of the reader and it will also allow them to improve their reading skills.
